In previous research in automatic verb classification, syntactic features have proved the most useful features, although manual classifications rely heavily on semantic features. We show, in contrast with previous work, that considerable additional improvement can be obtained by using semantic features in automatic classification: verb selectional preferences acquired from corpus data using a fully unsupervised method. We report these promising results using a new framework for verb clustering which incorporates a recent subcategorization acquisition system, rich syntactic-semantic feature sets, and a variation of spectral clustering which performs particularly well in high dimensional feature space.
Introduction
Verb classifications have attracted a great deal of interest in natural language processing (NLP). They have proved useful for various important NLP tasks and applications, including e.g. parsing, word sense disambiguation, semantic role labeling, information extraction, question-answering, and machine translation (Swier and Stevenson, 2004; Dang, 2004; Shi and Mihalcea, 2005; Zapirain et al., 2008) .
Verb classes are useful because they offer a powerful tool for generalization and abstraction which can be beneficial when faced e.g. with the problem of data sparsity. Particularly useful can be classes which capture generalizations over a range of (cross-)linguistic properties, such as the ones proposed by Levin (1993) . Being defined in terms of similar meaning and (morpho-)syntactic behaviour of words, Levin style classes generally incorporate a wider range of properties than e.g. classes defined solely on semantic grounds (Miller, 1995) .
In recent years, a variety of approaches have been proposed for automatic induction of verb classes from corpus data (Schulte im Walde, 2006; Joanis et al., 2008; Sun et al., 2008; Li and Brew, 2008; Ó Séaghdha and Copestake, 2008; Vlachos et al., 2009 ). This work opens up the opportunity of learning and tuning classifications tailored to the application and domain in question. Although manual classification may always yields higher accuracy, automatic verb classification is cost-effective and gathers statistical information as a side-effect of the acquisition process which is difficult for humans to gather but can be highly useful for NLP applications.
To date, both supervised and unsupervised machine learning (ML) methods have been proposed for verb classification and used to classify a variety of features extracted from raw, tagged and/or parsed corpus data. The best performing features on cross-domain verb classification have been syntactic in nature (e.g. syntactic slots, subcategorization frames (SCFs)). Disappointingly, semantic features have not yielded significant additional improvement, although they play a key role in manual and theoretical work on verb classification and could thus be expected to offer a considerable contribution to classification performance.
Since the accuracy of automatic verb classification shows room for improvement, we further investigate the potential of semantic featuresverb selectional preferences (SPs) -for the task. We introduce a novel approach to verb clustering which involves the use of (i) a recent subcategorization frame (SCF) acquisition system (Preiss et al., 2007) which produces rich lexical, SCF and syntactic data, (ii) novel syntactic-semantic feature sets extracted from this data which incorporate a variety of linguistic information, including SPs, and (iii) a new variation of spectral cluster-ing based on the MNCut algorithm (Meila and Shi, 2001 ) which is well-suited for dealing with the resulting, high dimensional feature space.
Using this approach, we show on two wellestablished test sets that automatically acquired SPs can be highly useful for verb clustering. They yield high performance when used in combination with syntactic features. We obtain our promising results using a fully unsupervised approach to SP acquisition which differs from previous approaches in that it does not exploit WordNet (Miller, 1995) or other lexical resources. It is based on clustering argument head data in the grammatical relations associated with verbs.
We describe our features in section 2 and the clustering methods in section 3. Experimental evaluation and results are reported in sections 4 and 5, respectively. Section 6 provides discussion and describes related work, and section 7 concludes.
Features
Our target classification is the taxonomy of Levin (1993) where verbs taking similar diathesis alternations are assumed to share meaning components and are organized into semantically coherent classes. The main feature of this classification is a diathesis alternation which manifests at the level of syntax in alternating sets of SCF (e.g. in the causative/inchoative alternation an NP frame alternates with an intransitive frame: Tony broke the window ↔ The window broke).
Since automatic detection of diathesis alternations is very challenging (McCarthy, 2001) , most work on automatic classification has exploited the fact that similar alternations tend to result in similar SCFs. The research reported so far 1 has used mainly syntactic features for classification, ranging from shallow syntactic slots (e.g. NPs preceding or following the verb) to SCFs. Some researchers have discovered that supplementing basic syntactic features with information about adjuncts, co-occurrences, tense, and/or voice of the verb have resulted in better performance.
However, additional information about semantic SPs of verbs has not yielded considerable improvement on verb classification although SPs can be strong indicators of diathesis alternations (McCarthy, 2001) and although fairly precise semantic descriptions, including information about verb se-1 See section 6 for discussion on previous work. lectional restrictions, can be assigned to the majority of Levin classes, as demonstrated by VerbNet (Kipper-Schuler, 2005) .
SP acquisition from undisambiguated corpus data is arguably challenging (Brockmann and Lapata, 2003; Erk, 2007; Bergsma et al., 2008) . It is especially challenging in the context of verb classification where SP models are needed for specific syntactic slots for which the data may be sparse, and the resulting feature vectors integrating both syntactic and semantic features may be high dimensional. However, we wanted to investigate whether better results could be obtained if the features were optimised for richness, the feature extraction for accuracy, and a clustering method capable of dealing with the resulting high dimensional feature space was employed.
Feature extraction
We adopted a recent SCF acquisition system which has proved more accurate than previous comparable systems 2 but which has not been employed for verb clustering before: the system of Preiss et al. (2007) . This system tags, lemmatizes and parses corpus data using the current version of the RASP (Robust Accurate Statistical Parsing) toolkit , and on the basis of resulting grammatical relations (GRs) assigns each occurrence of a verb to one of 168 verbal SCFs classes 3 .
The system provides a filter which can be used to remove adjuncts from the resulting lexicon. We do not employ this filter since adjuncts have proved informative for verb classification (Sun et al., 2008; Joanis et al., 2008) . However, we do frequency-based thresholding to minimise the noise (e.g. erroneous scfs) and sparse data in verb classification and to ensure that only features supported by several verbs are used in classification: we only consider SCFs and GRs which have frequency larger than 40 with 5 or more verbs 4 .
The system produces a rich lexicon which includes raw and processed input sentences and provides a variety of material for verb clustering, including e.g. (statistical) information related to the part-of-speech (POS) tags, GRs, SCFs, argument heads, and adjuncts of verbs. Using this material, we constructed a wide range of feature sets for experimentation, both shallow and deep syntactic and semantic features. As described below, some of the feature types have been employed in previous works and some are novel.
Feature sets
The first feature set F1 includes information about the lexical context (co-occurrences) of verbs which has proved useful for supervised verb classification (Li and Brew, 2008 Sun et al., 2008; Li and Brew, 2008; . F4-F7 include basic SCF information and/or refine it with additional information which has proved useful in previous works: F8: Basic SCF feature corresponding to F4 but extracted from the VALEX lexicon (Korhonen et al., 2006) 5 .
The following 9 feature sets are novel. They build on F7, refining it further. F9-F11 refine F7 with information about LPs:
F9: F7 with F3 (subject only) F10: F7 with F3 (object only) F11: F7 with F3 (subject, object, indirect object) F12-17 refine F7 with SPs. We adopt a fully unsupervised approach to SP acquisition. We acquire the SPs by 1. taking the GR relations (subject, object, indirect object) associated with verbs, 2. extracting all the argument heads in these relations which occur with frequency > 20 with more than 3 verbs, and 3. clustering the resulting N most frequent argument heads into M classes using the spectral clustering method described in the following section.
We tried the N settings {200, 500} and the M settings {10, 20, 30, 80}. The best settings N = 200, M = 20 and N = 500, M = 30 are reported in this paper. We enforce the features to be shared by all the potential members of a verb class. The expected class size is approximately N/K, and we allow for 10% outliers (the features occurring less than (N/K) × 0.9 verbs are thus removed).
The resulting SPs are combined with SCFs in a similar fashion as LPs are combined with SCFs in F9-F11: 
Clustering methods
We use two clustering methods: (i) pairwise clustering (PC) which obtained the best performance in comparison with several other methods in recent work on biomedical verb clustering , and (ii) a method which is new to the task (and to the best of our knowledge, to NLP): a variation of spectral clustering which exploits the MNCut algorithm (Meila and Shi, 2001 ) (SPEC). Spectral clustering has been shown to be effective for high dimensional and non-convex data in NLP (Chen et al., 2006) and it has been applied to German verb clustering by Brew and Schulte im Walde (2002) . However, previous work has used Ng et al. (2002)'s algorithm, while we adopt the MNCut algorithm. The latter has shown a wider applicability (von Luxburg, 2007; Verma and Meila, 2003) and it can be justified from the random walk view, which has a clear probabilistic interpretation.
Clustering groups a given set of items (verbs in
. Both our algorithms take a similarity matrix as input. We construct this from the skew divergence (Lee, 2001) . The skew divergence between two feature vectors
where D is the KL-divergence. v is smoothed with v . The level of smoothing is controlled by a whose value is set to a value close to 1 (e.g. 0.9999). We symmetrize the skew divergence as follows:
SPEC is typically used with the Radial Basis Function (RBF) kernel. We adopt a new kernel similar to the symmetrized KL divergence kernel (Moreno et al., 2004) which avoids the need for scale parameter estimation.
Pairwise clustering PC (Puzicha et al., 2000) is a method where a cost criterion guides the search for a suitable partition. This criterion is realized through a cost function of the similarity matrix W and partition I:
where n j is the size of the j th cluster and Avgsim j is the average similarity between cluster members.
Spectral clustering
In SPEC, the similarities W ij are viewed as the weight on the edges ij of a graph G over V . The similarity matrix W is thus the adjacency matrix for G. The degree of a vertex i is d i = N j=1 w ij . A cut between two partitions A and A is defined to be Cut(A, A ) = m∈A,n∈A W mn .
In MNCut algorithm, the similarity matrix W is transformed to a stochastic matrix P .
The degree matrix D is a diagonal matrix where
It was shown by Meila and Shi (2001) that if P has the K leading eigenvectors that are piecewise constant 6 with respect to a partition I * and their eigenvalues are not zero, then I * minimizes the multiway normalized cut(MNCut):
P mn can be interpreted as the transition probability between vertices m, n. The criterion can thus be expressed as , which is the sum of transition probabilities across different clusters. The criterion finds the partition where the random walks are most likely to happen within the same cluster.
In practice, the K leading eigenvectors of P is not piecewise constant. But we can extract the partition by finding the approximately equal elements in the eigenvectors using a clustering algorithm like K-means.
The numerator of MNCut is similar to the cost function of PC. The main differences between the two algorithms are: 1) MNCut takes into account of the cross cluster similarity, while PC does not. 2) PC optimizes the cost function using deterministic annealing, whereas SPEC uses eigensystem decomposition.
The spectral clustering algorithm is based on the Multicut algorithm (Meila and Shi, 2001) .
Input: Dataset S, Number of clusters K 1. Compute similarity matrix W and Degree matrix D 2. Construct stochastic matrix P using equation 1 3. Compute the eigenvalues and eigenvectors {λ n , x n } N n=1 of P , where λ n ≥ λ n+1 , form a matrix X = [x 2 , . . . , x k ] by stacking the eigenvectors in columns. 4. Form a matrix Y from X by normalizing the row sums to have norm 1:
5. Consider the row of Y to be the transformed feature vectors for each verb and cluster them into clusters C 1 . . . C k using K-means clustering algorithm.
Output: Clusters C 1 . . . C k 4 Experimental evaluation
Test sets
We employed two test sets which have been used to evaluate previous work on English verb classification:
T1 The test set of Joanis et al. (2008) provides a classification of 835 verbs into 15 (some coarse, some fine-grained) Levin classes. 11 tests are provided for 2-14 way classifications. We employ the 14 way classification because this corresponds the closest to our target (Levin's fine-grained) classification 7 . We select 586 verbs according to Joanis et al.'s selection criteria, resulting in 10-120 verbs per class. We restrict the class imbalance to 1:1.5. 8 . This yields 205 verbs (10-15 verbs per class) which is similar to the sub-set of T1 employed by Stevenson and Joanis (2003) .
T2
The test set of Sun et al. (2008) classifies 204 verbs to 17 fine-grained Levin classes, so that each class has 12 member verbs. Table 1 shows the classes in T1 and T2.
Data processing
For each verb in T1 and T2, we extracted all the occurrences (up to 10,000) from the raw corpus data gathered originally for constructing the 7 However, the correspondence is not perfect with half of the classes including two or more Levin's fine-grained classes. 8 Otherwise, in the case of a large class imbalance the evaluation measure would be dominated by the classes with large population. (Korhonen et al., 2006) . The data was gathered from five corpora, including e.g. the British National Corpus (Leech, 1992) and the North American News Text Corpus (Graff, 1995) . The average frequency of verbs in T1 was 1448 and T2 2166, showing that T1 is a more sparse data set.
The data was first processed using the feature extraction module. Table 2 shows (i) the total number of features in each feature set and (ii) the average per verb in the resulting lexicons for T1 and T2.
We normalized the feature vectors by the sum of the feature values before applying the clustering techniques. Since both clustering algorithms have an element of randomness, we run them multiple times. The step 5 of SPEC (K-means) was run for 50 times. The result that minimizes the distortion (the distances to cluster centroid) is reported. PC was run 20 times, and the results are averaged.
Evaluation measures
To facilitate meaningful comparisons, we employ the same measures for evaluation as previously employed e.g. by ;Ó Séaghdha and Copestake (2008) .
The first measure is modified purity (mPUR) -a global measure which evaluates the mean precision of clusters. Each cluster is associated with its prevalent class. The number of verbs in a cluster K that take this class is denoted by n prevalent (K). Verbs that do not take it are considered as errors. Clusters where n prevalent (K) = 1 are disregarded as not to introduce a bias towards singletons:
number of verbs
The second measure is weighted class accuracy (ACC): the proportion of members of dominant clusters DOM-CLUST i within all classes c i .
number of verbs mPUR and ACC can be seen as a measure of precision(P) and recall(R) respectively. We calculate F measure as the harmonic mean of P and R: F = 2 · mPUR · ACC mPUR + ACC The random baseline(BL) is calculated as follows: BL = 1/number of classes Table 3 includes the F-measure results for all the feature sets when the two methods (PC and SPEC) are used to cluster verbs in the test sets T1 and T2, respectively. A number of tendencies can be observed in the results. Firstly, the results for T2 are clearly better than those for T1. Including a higher number of verbs lower in frequency from classes of variable granularity, T1 is probably a more challenging test set than T2. T2 is controlled for the number and frequency of verbs to facilitate crossclass comparisons. While this may contribute to better results, T2 is a more accurate test set for us in the sense that it offers a better correspondence with our target (fine-grained Levin) classes. Table 3 : Results on testsets T1 and T2 Secondly, the difference between the two clustering methods is clear: the new SPEC outperforms PC on both test sets and across all the feature sets. The performance of the two methods is still fairly similar with the more basic, less sparse feature sets (F1-F2, F4, F6-7) but when the more sophisticated feature sets are used (F3, F5, F9-F17) SPEC performs considerably better. This demonstrates that it is clearly a better suited method for high dimensional feature sets.
Results

Quantitative evaluation
Comparing the feature sets, the simple cooccurrence based F1 performs clearly better than the random baseline. F2 and F3 which exploit lexical data in the argument head positions of GRs prove significantly better than F1. F3 yields surprisingly good results on T2: it is the second best feature set on this test set. Also on T1, F3 performs better than the SCF-based feature sets F4-F7. This demonstrates the usefulness of lexical data when obtained from argument positions in relevant GRs. Our basic SCF feature set F4 performs considerably better than the comparable feature set F8 obtained from the VALEX lexicon. The difference is 19.50 in F-measure. As both lexicons were extracted from the same corpus data, the improvement can be attributed to improved parser and SCF acquisition performance (Preiss et al., 2007) .
F5-F7 refine the basic SCF feature set F4 further. F5 which combines a SCF with CO information proved the best feature set in the supervised verb classification experiment of Li and Brew (2008) . In our experiment, F5 produces substantially lower result than CO and SCF alone (i.e. F1 and F4). However, our corpus is smaller (Li and Brew used the large Gigaword corpus), our SCFs are different, and our approach is unsupervised, making meaningful comparisons difficult.
F6 combines F4 with information about verb tense. This was not helpful: F6 produces worse results than F4. F7, on the other hand, yields better results than F4 on both test sets. This demonstrates what the previous research has shown: SCF perform better when parameterized for prepositions.
Looking at our novel feature sets F9-F17, F9-F11 combine the most accurate SCF feature set F4 with the LP-based features F2-F3. Although the feature space gets more sparse, all the feature sets outperform F2-F3 on T1. On T2, F3 performs exceptionally well, and thus yields a better result than F9-F11, but F9-F11 nevertheless perform clearly better than the best SCF-based feature set F4 alone. The differences among F9, F10 and F11 are small on T2, but on T1 F9 yields the best performance. It could be that F9 works the best for the more sparse T1 because it suffers the least from data sparsity (it uses LPs only for the subject relation).
F12-F17 replace the LPs in F9-F11 by semantic SPs. When only 20 clusters are used as SP models and acquired from the smaller sample of (200) argument heads (F12-F14), SPs do not perform better than LPs on T2. A small improvement can be observed on T1, especially with F12 which uses only the subject data (yielding the best F measure on T1: 57.75%). However, when 30 more finegrained clusters are acquired from a bigger sample of (500) argument heads (F15-F17), lower results can be seen on T1. On T2, on the other hand, F15 yields dramatic improvement and we get the best performance for this test set: 80.35% F-measure.
The fact that no improvement is observed when using F16 and F17 on T2 could be explained by the fact that SPs are stronger for the subject position which also suffers less from the sparse data problem than e.g. i. object position. The fact that no improvement is observed on T1 is likely to be due to the fact that verbs have strong SPs only at the finer-grained level of Levin classification. Recall that in T1, as many as half of the classes are coarser-grained.
Qualitative evaluation
The best performing feature sets on both T1 and T2 were thus our new SP-based feature sets. We conducted qualitative analysis of the best 30 SP Table 4 : Cluster analysis: 20 clusters, their SP labels, and prototypical member nouns clusters in the T2 data created using SPEC to find out whether these clusters were really semantic in nature, i.e. captured semantically meaningful preferences. As no gold standard specific to our verb classification task was available, we did manual cluster analysis using VerbNet (VN) as aid. In VN, Levin classes are assigned with semantic descriptions: the arguments of SCFs involved in diathesis alternations are labeled with thematic roles some of which are labeled with selectional restrictions. From the 30 thematic role types in VN, as many as 20 are associated with the 17 Levin classes in T2. The most frequent role in T2 is agent, followed by theme, location, patient, recipient, and source. From the 36 possible selectional restriction types, 7 appear in T2; the most frequent ones being +animate and +organization, followed by +concrete, +location, and +communication.
As SP clusters capture selectional preferences rather than restrictions, we examined manually whether the 30 clusters (i) capture semantically meaningful classes, and whether they (ii) are plausible given the VN semantic descriptions/restrictions for the classes in T2.
The analysis revealed that all the 30 clusters had a predominant, semantically motivated SP supported by the majority of the member nouns. Although many clusters could be further divided into more specific SPs (and despite the fact that some nouns were clearly misclassified), we were able to assign each cluster a descriptive label characterizing the predominant SP. Table 4 shows 15 sam-ple clusters, the SP labels assigned to them, and a number of example nouns in these clusters.
When comparing each SP cluster against the VN semantic descriptions/restrictions for T2, we found that each predominant SP was plausible. Also, the SPs frequent in our data were also frequent among the 17 classes according to VN. For example, the many SP clusters labeled as arrangements, issues, ideas and other abstract concepts were also frequent in T2, e.g. among COMMUNI-CATION (37), CHARACTERISE (29.2), AMALGA-MATE (22.2) and other classes.
This analysis showed that the SP models which performed well in verb clustering were semantically meaningful for our task. An independent evaluation using one of the standard datasets available for SP acquisition research (Brockmann and Lapata, 2003) is of course needed to determine how well the acquisition method performs in comparison with other existing methods.
Finally, we evaluated the quality of the verb clusters created using the SP-based features. We found that some of the errors were similar to those seen on T2 when using syntactic features: errors due to polysemy and syntactic idiosyncracy. However, a new error type clearly due to the SP-based feature was detected. A small number of classes got confused because of strong similar SPs in the subject (agent) position. For example, some PEER (30.3) verbs (e.g. look, peer) were found in the same cluster with SAY (37.7) verbs (e.g. shout, yell) -an error which purely syntactic features do not produce. Such errors were not numerous and could be addressed by developing more balanced SP models across different GRs.
Discussion and related work
Although features incorporating semantic information about verb SPs make theoretical sense they have not proved equally promising in previous experiments which have compared them against syntactic features in verb classification. Joanis et al. (2008) incorporated an 'animacy' feature (a kind of a 'SP') which was determined by classifying e.g. pronouns and proper names in data to this single SP class. A small improvement was obtained when this feature was used in conjunction with syntactic features in supervised classification. Joanis (2002) WordNet (Miller, 1995) and Germanet (Kunze and Lemnitzer, 2002) In our experiment, we obtained a considerable improvement over syntactic features, despite using a fully unsupervised approach to both verb clustering and SP acquisition. In addition to the rich, syntactic-semantic feature sets, our good results can be attributed to the clustering technique capable of dealing with them. The potential of spectral clustering for the task was recognised earlier by Brew and Schulte im Walde (2002) . Although a different version of the algorithm was employed and applied to German (rather than to English), and although no SP features were used, these earlier experiments did demonstrate the ability of the method to perform well in high dimensional feature space.
To get an idea of how our performance compares with that of related approaches, we examined recent works on verb classification (supervised and unsupervised) which were evaluated on same test sets using comparable evaluation measures. These works are summarized in table 5. ACC and F-measure are shown for T1 and T2, respectively.
On T1, the best performing supervised method reported so far is that of Li and Brew (2008 Joanis et al. (2008) report the second best supervised result on T1, using Support Vector Machines for classification and features derived from linguistic analysis: syntactic slots, slot overlaps, tense, voice, aspect, and animacy of NPs. Stevenson and Joanis (2003) report a semi-and unsupervised experiment on T1. A feature set similar to that of Joanis et al. (2008) was employed (features were selected in a semi-supervised fashion) and hierarchical clustering was used.
Our unsupervised method SPEC performs substantially better than the unsupervised method of Stevenson et al. and nearly as well as the supervised approach of Joanis et al. (2008) (note, however, that the different experiments involved different sub-sets of T1 so are not entirely comparable).
On T2, the best performing supervised method so far is that ofÓ Séaghdha and Copestake (2008) which employs a distributional kernel method to classify SCF features parameterized for prepositions in the automatically acquired VALEX lexicon. Using exactly the same data and feature set, Sun et al. (2008) obtain a slightly lower result when using a supervised method (Gaussian) and a notably lower result when using an unsupervised method (PC clustering). Our method performs considerably better and also outperforms the supervised method ofÓ Séaghdha and Copestake (2008) .
Conclusion and Future Work
We introduced a new approach to verb clustering which involves the use of (i) rich lexical, SCF and GR data produced by a recent SCF system, (ii) novel syntactic-semantic feature sets which combine a variety of linguistic information, and (iii) a new variation of spectral clustering which is particularly suited for dealing with the resulting, high dimensional feature space. Using this approach, we showed on two well-established test sets that automatically acquired SPs can be highly useful for verb clustering. This result contrasts with most previous works but is in line with theoretical work on verb classification which relies not only on syntactic but also on semantic features (Levin, 1993) .
In addition to the ideas mentioned earlier, our future plans include looking into optimal ways of acquiring SPs for verb classification. Considerable research has been done on SP acquisition most of which has involved collecting argument headwords from data and generalizing to WordNet classes. Brockmann and Lapata (2003) have showed that WordNet-based approaches do not always outperform simple frequency-based models, and a number of techniques have been recently proposed which may offer ideas for refining our current unsupervised approach (Erk, 2007; Bergsma et al., 2008) . The number and type (and combination) of GRs for which SPs can be reliably acquired, especially when the data is sparse, requires also further investigation.
In addition, we plan to investigate other potentially useful features for verb classification (e.g. named entities and preposition classes) and explore semi-automatic ML technology and active learning for guiding the classification. Finally, we plan to conduct a bigger experiment with a larger number of verbs, and conduct evaluation in the context of practical application tasks.
